Results

0 3
Consistency between the results of different vulnerability frameworks 1 0 4
We first assessed risk to 18 data-rich species (11 bird and 7 butterfly) in Great Britain 1 0 5 (hereafter 'exemplar species', Table 2 ) using each of the 12 frameworks and a medium 1 0 6 emissions scenario. Individual frameworks differed in their risk categories, so we 1 0 7 standardised the output from each to a low/medium/high scale (Supplementary Table 2 ). 1 0 8
The results of the assessments were highly variable, with no single exemplar species 1 0 9 assigned to the same risk category by all frameworks ( Table 2 ). The majority of species 1 1 0 were classified as high risk by at least one assessment (14/18 species); yet only one species 1 1 1 (Black Grouse) was classified as high risk by at least half of the frameworks (Table 2) . 1 1 2
Pairwise Spearman's rank correlations between frameworks showed poor overall agreement 1 1 3 in risk assignment (r s mean = 0.17 ± 0.03, r s median = 0.21). 1 1 4
As conservation prioritisation will ultimately concentrate on high risk species, we then 1 1 5
focussed only on classification of species in the highest risk category. Inter-rater reliability 1 1 6 analysis (for high risk versus low or medium risk) produced a similar pattern to the rank 1 1 7 correlation results, with 'weak' 25 agreement across frameworks (mean κ PABAK = 0.51 ± 0.03, 1 1 8 median κ PABAK = 0.55). A similar pattern was observed for the exemplar taxa when using a 1 1 9 low emissions climate scenario, with only a small number of species changing risk 1 2 0 categories between scenarios (Supplementary Table 3 ). The frameworks also showed poor 1 2 1 overall agreement with the Red List assessment (r s mean = -0.28 ± 0.03, r s median = -0.25), 1 2 2 and this agreement was not improved when we considered trait-based and trend-based 1 2 3 frameworks separately (trait-based: r s mean = -0.39 ± 0.02, trend-based: r s mean = 0.01 ± 1 2 4 0.01). 1 2 5
We further tested the frameworks with an additional 171 British bird and 47 British butterfly 1 2 6 species ( Supplementary Table 4 ) for which data were available to model GB distribution 1 2 7 changes under a medium emissions climate change scenario. Of these 218 species, 119 1 2 8 were classified as high risk by at least one framework (54%) ( Figure 1B) , with only 13 1 2 9 species (3 bird and 10 butterfly species) classified into the same risk category by every 1 3 0 framework ( Supplementary Table 4 ). Pairwise rank correlations showed poor overall 1 3 1 agreement (r s mean = 0.18 ± 0.03, r s median = 0.17), confirming that even with a larger 1 3 2 sample of real species with strong correlations between traits, there was little consistency 1 3 3 across the frameworks. In addition, inter-rater reliability analysis indicated weak 25 agreement 1 3 4 across frameworks when classifying species as high risk (mean κ PABAK = 0.43 ± 0.03, median 1 3 5 κ PABAK = 0.61). 1 3 6
Sufficient data to run all the frameworks are only available for a small subset of taxonomic 1 3 7 groups (primarily vertebrates, and birds in particular), which only samples a relatively small 1 3 8 range of potential species-types, and hence of ecological traits. In order to sample the full 1 3 9 range of potential trait variation in nature, we generated 10,000 'simulated species', each 1 4 0 with randomly generated trait sets and populations, bounded by real world (trait value) limits. 1 4 1
To fully incorporate all possible parameter space, we chose to remove all but logically 1 4 2 necessary correlations between traits (e.g. we retained logical consistency between 1 4 3 numbers of habitats occupied and presence in particular habitat types, but did not enforce 1 4 4 correlations between body size and fecundity, which are positive in some taxa but negative 1 4 5 in others). Correlations between life history traits vary widely between taxonomic groups and 1 4 6 would be almost impossible to simulate accurately for a wide range of taxa. As our extensive 1 4 7 real bird dataset maintains correlations between traits for that group, our simulation provides 1 4 8 contrasting data by removing such constraints, increasing the generality of our assessment. 1 4 9
All 10,000 simulated species were assessed individually using each of the 12 risk 1 5 0 assessments. The frameworks show broadly similar patterns in the overall assignment of 1 5 1 risk to the real species, classifying the majority of species as low risk and relatively few as 1 5 2 high risk ( Supplementary Figure 1) . However, over 75% of the 10,000 simulated species It should be noted that the time period for the observed changes used in the validation 3 0 5 analysis are relatively short for both birds and butterflies (20 and 10 years respectively), and 3 0 6 from a period when a range of other pressures have also affected species' population in the 3 0 7 area considered, particularly changes in agricultural management 26 . There is a possibility 3 0 8 that some species considered may be climate-threatened but not yet showing a strong 3 0 9 negative response in distribution or population, whilst others may be limited by other factors, 3 1 0 potentially leading to the under-estimation of framework performance. However, we would 3 1 1 expect frameworks to show some separation between range-or population-expanding and 3 1 2 contracting species, as during this period both bird and butterfly communities have 3 1 3 responded to climate change 27,28 , for example with polewards shifts [29] [30] [31] . The fact we do not 3 1 4 see such a pattern for most assessments (and some trends are the reverse of those 3 1 5 expected), combined with the results of our comparison between frameworks, does highlight 3 1 6 the lack of evidence currently available to support the use of most of these frameworks. As 3 1 7 some of the assessments are designed for global assessments of risk, there is a possibility 3 1 8 that the poor performance is a consequence of applying them over a regional scale. 3 1 9
However, this methodology is being applied at non-global scales by researchers and 3 2 0 practitioners 32 so the results of our validation at a regional scale remain applicable to how 3 2 1 the methods are actually being used. 3 2 2
The science underpinning trend-based approaches is stronger; with increasing evidence that 3 2 3 species distribution models used to measure exposure in trend-based approaches can 3 2 4 retrodict recent population and range trends [33] [34] [35] . There remains uncertainty around  3  2  5 identifying the key traits influencing species vulnerability to climate change 24 , which may vary 3 2 6 widely by taxonomic group and could explain the wide range of inputs across the different 3 2 7 trait-based assessments. Recent work 36 has advocated the combination of elements of trait-3 2 8 based vulnerability assessments with species distribution modelling to produce more realistic 3 2 9
projections of future risk. This approach has already been implemented to different extents 3 3 0 by some frameworks considered here 15, 16, 18 , although the outputs of these show at best 3 3 1 weak correlations with purely trait-based assessments, suggesting that trait-only 3 3 2 assessments may not adequately capture the exposure component of climate risk. The two 3 3 3 general types of assessment (trait, trend) effectively represent different paradigms, with 3 3 4 combined approaches representing arbitrarily-weighted blends of the two. 3 3 5
We have demonstrated that different vulnerability assessment frameworks should not be 3 3 6 used interchangeably when attempting to assess a species' potential future risk to climate 3 3 7 change, because assessments made with either real or simulated species produce 3 3 8 conflicting results. Our validation results suggest there is currently little evidence to support 3 3 9 the use of purely trait-based vulnerability assessments. Trend-based approaches are the 3 4 0 only type of methodology to consistently and significantly assign species to appropriate risk 3 4 1 categories in the validation analysis, particularly when this information is supplemented with 3 4 2 additional species trait data. Whilst we recognise this may restrict the assessment options 3 4 3 available to practitioners (e.g. without long-term monitoring data, trend-based approaches 3 4 4
will not be possible), our results highlight the considerable uncertainty in the results of 3 4 5 approaches not incorporating this type of information. A poorly performing framework should 3 4 6 not be used simply because it is the only one for which adequate data are available. Without 3 4 7 significant investment in long-term monitoring, to study change as it occurs, and in research 3 4 8
to identify exactly what traits make a species' vulnerable to climate change, our ability to 3 4 9 identify the species most in need of conservation attention in the face of climate change will 3 5 0 remain poor. The assessments of exemplar real species and additional British bird species (Table 2) were 3 5 5 carried out based on trait and distribution data within Great Britain, due to the quality and 3 5 6 availability of data for the taxa considered within this region. The 18 exemplar species were 3 5 7 chosen because they were the only species of any taxonomic group with both 3 5 8 comprehensive distribution (in two or more time periods) and traits data and a northern or 3 5 9 southern range margin lying within Great Britain 37 (species with range boundaries in a region 3 6 0 are likely to be of interest when running climate change vulnerability assessments). All 3 6 1 common British breeding bird and butterfly species were considered for the additional 3 6 2 assessment, the 218 species selected being the ones for which future distributions could be 3 6 3 modelled based on data availability. 3 6 4
Trait data for the real species were collected from a variety of sources including scientific 3 6 5 literature and species atlas data 38, 39 . Projected distribution changes were based on existing 3 6 6 bioclimate model data 17 , applying a Bayesian, spatially explicit (Conditional Autoregressive) 3 6 7 GAM 40 to the bird and butterfly distribution data. A medium emissions scenario (UKCP09 3 6 8 A1B) for projected climate change for 2080 was used for future climate data, corresponding 3 6 9 to a 4°C increase in average temperature. The assessments were also run using a low 3 7 0 emissions scenario (UKCP09 B1), corresponding to a 2°C increase in average temperature, 3 7 1 with little difference in overall risk category assignment ( Supplementary Table 4 ). 3 7 2
Simulated species comparisons 3 7 3
To compare the outputs of the 12 risk assessment frameworks using simulated species, we 3 7 4 generated ranges of values for the 117 unique input variables ( Supplementary Table 1 ), 3 7 5 covering characteristics such as species traits and population trends. We then drew values 3 7 6
for each of these input variables to generate 10,000 combinations of 'trait sets' that were 3 7 7 used as simulated species in the assessments, in lieu of real world data for many species. 3 7 8
Where it has been possible to do so, we applied constraints on the input variables to ensure 3 7 9 logical consistency. For example, in the case of interspecific interactions, some frameworks 3 8 0 ask broadly whether there is a dependence of a species on any interspecific interaction, 3 8 1 whilst other frameworks require inputs relating to multiple, clearly-defined interspecific 3 8 2 interactions. In this situation it would not make sense for the broad interaction to be scored 3 8 3 as absent while specific interactions are scored as present. In this case the broad interaction 3 8 4
is generated first and the scores of more specific interaction variables are influenced by that, 3 8 5
to ensure consistent inputs across frameworks. 3 8 6
For continuously distributed input variables, upper and lower bounds were set based on 3 8 7 reported values from the literature (e.g. body size, generation time) or theoretical minimum 3 8 8
and maximum values. A value for the variable for each simulated species was then drawn 3 8 9 from a uniform distribution bounded by those upper and lower limits. Species current 3 9 0 distributions were simulated using the same approach, sampling a value for area occupied 3 9 1 (in km 2 ) from a uniform distribution with an upper limited based on known real world 3 9 2 distribution limits. For projected changes to species distributions under climate change, a 3 9 3 future distribution was generated using the same process as for current distributions, and the 3 9 4 percentage change in area between the two calculated. 3 9 5
The uniform distribution was chosen for all variables (equal probability for binary and 3 9 6 categorical variables) because, for many input variables, there was little or no data available 3 9 7 on how they might be distributed in reality (and they differ greatly between taxonomic 3 9 8 groups), so an arbitrary selection of distribution would have been needed. Nonetheless, 3 9 9
where there was an a priori expectation of the distribution of a trait based on the literature 4 0 0 (e.g. logarithmic scaling of dispersal distance), the uniform draw was from between the 4 0 1 transformed trait limits. The uniform distribution also allows for generation of traits covering 4 0 2 the full range of the potential parameter space for the input variables, which was one of the 4 0 3 main advantages of generated trait sets rather than a larger sample of real species data. 4 0 4
The results therefore test consistency in framework performances, rather than the 'true' 4 0 5 frequencies of risk (which we do not know, given the differences between framework 4 0 6 methods). 4 0 7
Many of the input variables are categorical, typically scored as low/medium/high or some 4 0 8 similar variation. In some cases it is possible to base these on a continuous variable which is 4 0 9 then split into the different categories (e.g. dispersal distance < 1km scored as low, dispersal 4 1 0 distance > 1km and < 10km scored as medium, dispersal distance > 10km scored as high). 4 1 1 Where it has not been possible to generate a continuous variable to base the categorical 4 1 2 split on (e.g. impact of climate mitigation measures -scored as low to high), the category 4 1 3 was instead assigned randomly to one of the possible options, with an equal probability of 4 1 4 assignment to each. IUCN Red List conservation status was required as an input to one of 4 1 5 the frameworks and was generated using IUCN criteria A to D, with no projected future 4 1 6 changes considered. This conservation status for each simulated species was also used in 4 1 7 comparisons of Red List risk category against risk category for each framework, and 4 1 8 therefore informs us of the relationship between climatic and non-climatic risks rather than 4 1 9
whether the Red List could adequately take climate change into account. 4 2 0
Validation 4 2 1
To examine how well the different climate vulnerability assessments performed at projecting 4 2 2 future risk we used the results of assessments based on historic species data to compare 4 2 3 against observed recent trends in species distribution/abundance. For validation of the 4 2 4 frameworks to produce robust results they need to be tested using reliable input data, poor 4 2 5 quality input data will always lead to poor assessments of risk regardless of the method used 4 2 6 for the assessment. We therefore utilized some of the best quality data available globally 4 2 7 and selected British birds and butterflies for the analysis. 4 2 8
Validations were carried out by using historically-available data to assign species to low-, 4 2 9 medium-and high-risk categories (for each of the 12 risk assessment frameworks), as 4 3 0 though the assessments were carried out in the past, and then we compared recent 4 3 1 distribution and population changes for species that had been assigned to each risk 4 3 2 category. Assessments for British birds were based on the time period 1988-1991, to match 4 3 3 the breeding bird atlas data 41 . Assessment inputs based on the 'then-current' 4 3 4 distribution/population were calculated from this Atlas data, with historic changes in Although these dates partly overlap with the Millennium Butterfly Atlas 39 , the population data 4 4 9 are collected on fixed transects that are separate from the millions of independent 4 5 0 distribution records that give rise to the Atlas maps. Distribution change data for the 4 5 1 butterflies was not used in the analysis due to a large increase in observer effort in latter 4 5 2 time period, which resulted in increases in distribution that are likely to reflect increased 4 5 3 effort rather than true changes in distribution. 4 5 4
Statistical analysis 4 5 5
The risk category outputs from each of the frameworks were converted to a set of 4 5 6 standardised categories: Low/Medium/High risk ( Supplementary Table 2 ). Broad agreement 4 5 7
between the frameworks was tested on a pairwise basis using Spearman's rank correlation, to establish how consistently species were assigned to the same Low/Medium/High risk 4 5 9 categories by the different frameworks. 4 6 0
Rank correlation allows for a comparison of how well the different frameworks correspond 4 6 1 across all levels of risk assignment, but a potentially more useful comparison is of how well 4 6 2 they agree in identifying a species as high risk, based on the assumption that assessments 4 6 3 will primarily be run to identify the species most vulnerable to climate change. To compare 4 6 4 agreement on just high risk species, the risk categories were further simplified to a binary, 4 6 5 'low and medium' versus 'high' categorisation. Cohen's kappa, a measure of inter-rater 4 6 6 reliability, was calculated to compare agreement between frameworks. The prevalence and 4 6 7 bias-adjusted Cohn's kappa (PABAK) 44 was used due to the relatively low frequency of 4 6 8 species scoring as high risk. 4 6 9
Principal component analysis (PCA) was used to examine how much of the variation in risk 4 7 0 assignment was influenced by certain frameworks and to identify whether frameworks of the 4 7 1 same general type (trait, trend) showed similar patterns in risk category assignment. Risk 4 7 2 category outputs from each framework for the 10,000 simulated species were used in this 4 7 3 analysis. 4 7 4
We predicted that all species at high risk due to climate change should have seen 4 7 5 population/distribution decreases, whilst species identified as low risk may have increased, 4 7 6 decreased or not changed their population/distribution if factors other than climate are 4 7 7 driving the changes. We therefore used quantile regression to validate framework 4 7 8 performance, with change in distribution or abundance as the response variable and 4 7 9 framework risk categorisation (Low/Medium/High) as the predictive factor 45 . This allowed us 4 8 0 to consider trends in the upper quartiles of distribution/population change instead of just the 4 8 1 mean, which would identify if the majority of high risk species are declining as we would 4 8 2 expect if a framework is performing well. Both the 0.50 and 0.75 quantiles were considered 4 8 3 in the analysis, and the models were tested for significance against a null model using an 4 8 4
ANOVA. 
